INTRODUCTION 46 47
Analyzing the spatial pattern of plant diseases may be pivotal to elucidate the ecology, the 48 epidemiology and the infection biology of pathogens as well as the mechanisms underlying host-49 pathogen interactions and the spread of epidemics (Nelson et al. 1999) . A large body of literature 50 deals with the application of Geographic Information Systems (GIS) in conjunction with statistical 51 and geostatistical methods to investigate peculiar traits of plants diseases, to test biologically 52 relevant hypotheses and to build predictive and/or explicative models (Nelson et al. 1999) . 53
Examples of GIS and geostatistical applications can be found in both agriculture and forestry on a 54 broad range of diseases, hosts and pathogens, including viruses, bacteria and fungi. For instance, 55 GIS and geostatistical analyses were used to relate the presence of tomato virus vectors to the 56 spatial pattern of the symptoms in tomato (Solanum lycopersicum L.) crops (Nelson et al. 1999) . 57
Analogous analyses were performed to test the association between genetic variations in cotton leaf 58 curl viruses and the disease severity in Gossypium spp. fields (Nelson et al. 1999 ) and to investigate 59 the dispersion mechanisms of the plum pox potyvirus in orchards of Prunus armeniaca L. and P. 60 persica (L.) Batsch (Gottwald et al. 1995) . Similar approaches were carried out to elucidate the role 61 of pedoclimatic factors on the incidence of the bacterial blight caused by Xanthomonas arboricola 62 pv. corylina on Corylus avellana L. (Lamichhane et al. 2013 ). GIS and geostatistics were also used 63 to explore the spatial distribution of genotypes of Phytophthora infestans (Mont.) de Bary in 64 orchards of S. lycopersicum and Solanum tuberosum L. affected by late blight disease (Jaime-The goal of this study was to develop and validate a permutation and randomization-based 117 approach, hereafter called Mean Distance Tests (MDT), to assess the spatial pattern of a plant 118 disease when this is defined as a categorical variable. The MDT algorithms were embedded in a 119 user-friendly application for personal computer. The main core of this work is to determine from the PMF, with a predefined significance level cut-138 off α, whether 0 d is either significantly lower (i.e. located towards the left tail) or higher (i.e. 139 located towards the right tail) than expected under the random assignment of γ (i.e. random 140 definition of the subset I within the set T). The first case indicates a clustered spatial pattern of the 141 level γ, while the second occurs in a dispersed spatial pattern of the same level. This is equivalent to 142 test if the infected plants are nearer or further apart than expected according to a random 143 distribution of the infected plants within the sampled plants. To deal with this issue the Mean 144 Distance Tests (MDT) approach is proposed here. 145
MDT are based on the assumption that the x and y coordinates of points in the set T are fixed 146 and that only the assignment of the level γ is a stochastic process. The MDT consist of 3 147
permutation tests (Mean Distance Permutation Tests -MDPT) and 3 randomization tests (Mean 148
Distance Randomization Tests -MDRT). Both permutation and randomization tests are divided 149 according to the tails of the PMF they refer to (Hartwig 2013) . MDPT2T is the two-tailed (2T) 150 permutation test, MDPTLT the left-tailed (LT) and MDPTRT the right-tailed (RT), respectively. 151
Similarly, the MDRT are designed in the two-tailed version (MDRT2T), in the left-tailed 152 (MDRTLT) and in the right-tailed (MDRTRT) ones (Table 1 ). Once the above described steps to 153 obtain the PMF and to calculate 0 d are performed, the mean value D of the PMF is calculated, the 154 exact p-value (pe) is determined for MDPT and the randomization p-value (pr) is determined for 155 MDRT as reported in Carsey and Harden (2014) and Ernst (2004) . The adequacy of the number B 156 selected to perform the MDRT is assessed by calculating the lower (Lpr) and upper (Upr) bounds of 157 the confidence interval for pr at user-defined level λ (e.g. 0.95). The confidence interval is 158 calculated from the binomial distribution as described in Ernst (2004) . Whenever the condition 159
is verified, pr is deemed to be ambiguous and B is increased until the sampling 160 adequacy is achieved and, thus, ambiguity is solved (Ernst 2004 ).
The algorithms performing the MDT were compiled and run in R 3.1.2 environment (R Core 162 Team, Vienna, Austria) and subsequently embedded in a software for personal computer designed 163 with Shiny, a hybrid R-HTML environment for personal computer (Beeley 2013) . 164
Monte Carlo estimates of MDPT power and type I error. MC simulations were 165 performed to assess the power and the type I error of MDPT2T, MDPTLT and MDPTRT. 166 According to the null hypothesis of each test (Table 1) , three DGPs were designed. Every DGP 167 consisted in a point process realized both in a squared 4 × 4 units window and in a 6 × 6 one. The 168 point processes included n=15 points for the set T and from m=2 to m=13 points for the subset I. 169
The origin of the Cartesian system was located in the windows centre and the points coordinates 170 were expressed in polar form (R, θ). The first DGP (point process 1 -PP1) was designed to simulate 171 a random spatial distribution of γ. At each MC simulation, the set T was generated by sampling for 172 n times R from a uniform distribution (Carsey and Harden 2014) bounded between 0 and half the 173 window edge and θ from a uniform distribution bounded between 0 and 2π radians. A random 174 number generator was used to define the subset I by drawing m out of n points without replacement, 175 with the extraction probability set constant for each point (Carsey and Harden 2014) . The level γ 176 was assigned to the sampled m points. The second DGP (PP2) was planned to simulate a clustered 177 spatial distribution of γ. The level γ was assigned to m points whose R was sampled from a beta 178 distribution with shape parameters a=0.5 and b=10 (Crawley 2013 ) and whose θ was generated 179 from the same uniform distribution described for PP1. The remaining points were drawn in the 180 same way but inverting the a and b shape parameters. In the last DGP (PP3) a dispersed spatial 181 distribution of γ was simulated. PP3 was set as described for PP2 with the exception of the shape 182 parameters of the beta distribution, which were inverted. 183
To gather the estimates of permutation tests power and type I error, two blocks of MC 184 simulations (hereafter blocks), each one consisting in 1·10 4 simulations, were performed for both 185 windows, for every m value and for any MDPT, resulting in a total of 1.44·10 6 simulations. For 186 each block either a single DGP or a couple of DGPs selected among PP1, PP2 and PP3 was run.
The number of simulations based on PP1, PP2 or PP3 within a single block varied depending on the 188 MDTP (Table 2) irregulare, is an alien invasive species. Geostatistical analyses of spatial autocorrelation performed 203 on the DR showed that H. irregulare was ubiquitous and distributed in the area according to a 204 random spatial pattern, while H. annosum showed significant clustering around patches of conifers. 205
To validate the MDRT, the set T was defined including all n=44 sampling points. Two 206 categorical variables Γ1 (i.e. "presence of H. annosum spores") and Γ2 (i.e. "presence of H. 207 irregulare spores") were defined. For Γ1 the γ1 level (i.e. "H. annosum spores are present") was 208 assigned to the m1 sampling points with H. annosum DR>0, which were included in the subset I1. 209
Similarly, the γ2 level (i.e. "H. irregulare spores are present") was assigned to the m2 sampling points with H. irregulare DR>0 to define the subset I2. MDRT2T, MDRTLT and MDRTRT with 211 α=0.05, B=10 4 and λ=0.95 were performed on both γ1 and γ2 levels. 212
Application to a case study. An application of the MDT to a case study was carried out to 213 test the relation between the plantation density and the incidence of and C2, see results) were selected and two not clustering groups (areas NC1 and NC2) with the 222 same number of sweet chestnuts were randomly chosen. The mean value of the triangular Euclidean 223 distance matrix among all the sweet chestnuts was calculated for areas C1, C2, NC1 and NC2. Up 224 to 40 nuts per tree were collected from the crown of each sweet chestnut in the above mentioned 225 areas. Fragments of the nuts kernel were plated in Petri dishes on Malt Extract Agar (MEA) to 226 assess the presence/absence of G. castanea in the fruit tissues at the tree level. Isolations and fungal 227 identification were performed as described by Lione et al. (2014) . The incidence of G. castanea was 228 calculated as the ratio, in percent, between the mC1, mC2, mNC1 and mNC2 trees carrying at least one 229 infected nut (i.e. subsets IC1, IC2, INC1 and INC2 of areas C1, C2, NC1 and NC2) and the nC1, nC2, nNC1 230 and nNC2 trees growing in each area (i.e. sets TC1, TC2, TNC1 and TNC2). The categorical variable Γ 231 (i.e. "presence of G. castanea in at least one nut") was defined and the level γ (i.e. "G. castanea is 232 present in at least one nut") was assigned to the mC1, mC2, mNC1 and mNC2 trees. The incidence of the 233 pathogen was compared among the four above mentioned areas with a χ 2 test performed with a 234 , with the 259 exception of MDPTRT in the 6 × 6 units window (Table 3) . 260
Biological validation. For the variable Γ1, the level γ1 was assigned to m1=16 sampling 261 points that fulfilled the condition H. annosum DR>0, defining the subset I1 (Fig. 1A) Application to the case study. The NNHC showed the presence of 24 first order clusters, 278 comprising two to five trees, and two second order clusters (areas C1 and C2), composed by four 279 and five first order clusters with a total of nC1=14 and nC2=17 sweet chestnuts, respectively (P<0.05) 280 ( Fig. 2A and 2B) . The same number of trees was used to define the areas NC1 (nNC1=14) and NC2 281 (nNC2=17) ( Fig. 2C and 2D ). The mean value of the triangular Euclidean distance matrix among all 282 trees attained 12.8 m in C1, 9.9 m in C2, 13.1 m in NC1 and 26.3 m in NC2. The level γ was assigned to the mC1=10, mC2=9, mNC1=8 and mNC2=11 sweet chestnuts carrying at least one nut 284 infected by G. castanea (Fig. 2) . The incidence of G. castanea was 71.4% in C1, 52.9% in C2, 285 57.1% in NC1 and 64.7% in NC2. The χ 2 test indicated no significant differences among the 286 incidence level of the four areas (P=0.7312). The analysis of the spatial pattern of plant diseases is a pivotal issue in plant pathology since 298 it is aimed at gathering relevant information about biological, epidemiological and ecological 299 aspects of pathogens. In this regard, during the last decades, an increasing interest has been 300 addressed by plant pathologists to the development and the use of statistical and geostatistical 301 methods. It is worth noting that the majority of these methods was mainly designed to analyze 302 specific kinds of variables in a limited range of field conditions. A large body of literature dealt 303 with the spatial distribution of relevant phytopathological measures on the continuous or ordinal 304 scale, while few studies were focused on the spatial pattern of categorical variables. Moreover, 305 many researches carried out on categorical variables proposed geostatistical methods aimed at 306 analyzing diseases in lattices and in regular plantations. The application of such methods often 307 requires the user to own a solid background in mathematics, advanced statistics and information technology, since the algorithms performing the tests are rarely wrapped into a user-friendly "point-309 and-click" interface. These aspects may thwart the diffusion of some statistical and geostatistical 310 tests in phytopathology, despite they were designed explicitly to analyze plant diseases. Within this 311 framework, the main goal of our study was to propose the MDT as a series of geostatistical tests to 312 assess the spatial pattern of plant diseases when the variable of phytopathological interest is 313 categorical and to provide the user with an intuitive "point-and-click" software to perform the tests. 314
It is worth noting that the MDT assumptions are not constrained by the spatial pattern of the 315 points in the set T, thus the MDT are virtually suitable to be applied in a wide range of situations, 316 encompassing agricultural, forest and natural ecosystems. Unlike other geostatistical tests, the MDT 317 do not require a grid-based approximation to represent the points location, hence they can be 318 performed on the actual vector features of the points (e.g. shape files in a GIS environment). 319
The MDT are based on a permutation and randomization approach, in the acceptation 320 proposed by Carsey and Harden (2014) , and consequently they are included in the broader category 321 of non parametric techniques known as resampling methods. These methods can be profitably 322 employed when the stochastic process underlying the phenomenon under investigation may be 323 assumed to be well mimicked by the resampling process (Carsey and Harden 2014). This may be 324 often the case in plant pathology. For instance, a researcher may be interested in the investigation of 325 the spatial distribution of plants infected by some pathogens within a regular plantation. In such a 326 situation, the location of plants is the result of a predetermined design, while the occurrence of the 327 pathogen may be realistically assumed as a stochastic event, which could have resulted in a 328 different outcome depending on the random factors influencing the disease (e.g. environmental 329 variables, inoculum pressure). In natural and semi-natural ecosystems a certain level of stochasticity 330 is intrinsic in the distribution of plants, yet it may often be considered negligible in relation to the 331 stochasticity involved in the epidemiological processes. Moreover, a plant pathologist is generally 332 more interested in the dynamics of the disease rather than in the dynamics underlying the actual 333 distribution of plants within the study area. For the above cited reasons, the MDT permute (i.e. To deal with this issue, the calculation of confidence intervals for pr were embedded in the MDRT 355 algorithms as indicated by Ernst (2004) . It is worth noting that the theory of resampling methods 356 suggests that a higher accuracy in the results of randomization may be acquired by increasing the 357 number of combinations randomly selected to perform the test (Carsey and Harden 2014; Ernst 358 2004 ). This is remarkably relevant when the randomization p-value tends to approach α, the cut-off 359 level dividing the regions of acceptance/rejection of the null hypothesis under the estimated PMF.
In fact, if the confidence interval of the randomization p-value includes α, there is no possibility of 361 discriminating between the two regions. As shown for G. castanea in this study, the ambiguity in 362 the application of the MDRTLT to the area NC1 was solved by using a 5-fold larger value of B, that 363 excluded the value α from the 95% confidence interval of pr. Besides, in the same case study, the 364 reduction of the 95% confidence interval width of pr, as well as the trend to the convergence of the 365 randomization results to the permutation ones could be observed empirically, in agreement with the 366 above mentioned theory of resampling methods. 367
Both MDPT and MDRT were designed in the two-tailed, left-tailed and right-tailed 368 versions. Since the points included in the subset I can be mapped on a GIS and can be visually 369 differentiated from the rest of the points of the set T, the researcher may be induced to perform a 370 one-tailed, rather than a two-tailed test, on the basis of the spatial pattern qualitatively observed on 371 the map. The preference accorded to the one-tailed tests may also derive from some biologically 372 relevant information. For instance, depending on the epidemiology and infection biology of the 373 pathogen, the researcher could be interested in investigating either clustering or dispersion rather 374 than randomness of the infected plants within the set of sampled plants. Separate algorithms were 375 provided depending on the tails of the PMF, because the extension of the asymptotic approach to 376 switch from the one-tailed p-value to the two-tailed one is not recommended (Hartwig 2013) . 377
The null hypothesis of each test was formulated according to the general principles 378 underlying the permutation and randomization approach (Carsey and Harden 2014; Hartwig 2013) 379 using the statistic d as overall index of the distances that separate a set of points in a plane. The 380 definition of d is consistent with the assumptions about the spatial differences among clustered, 381 randomized and dispersed point patterns (Crawley 2013; Mitchell 2009 ) and it is included in 382 standard statistical methods dealing with clustering problems (Aldenderfer and Blashfield 1987) . 383 Accordingly, the case study of G. castanea showed that the values achieved by d for all trees 384 growing in each clustering areas were lower than the values observed in non clustering areas, 385 despite the NNHC performed for clusters identification was based on another distance index (Mitchell 2009 ). It is worth noting that the statistic d is only one among the distance measures that 387 could have been calculated as overall index of the distances that separate a set of points in a plane, 388 yet the comparison among different distance indexes was not a goal of this study. 389
The MDT do not include ad hoc procedures to account for scale dependency of the spatial 390 pattern of the points in the subset I within the set T. On one side, the scale dependency should not 391 be an issue, since the scale is non included in the definition of d and it is consequently determined 392 by the spatial extension covered by the points of the set T. However, since the definition of T is 393 arbitrary, the MDT approach could be applied at both global and local scale (Mitchell 2009 ). In the 394 latter case, the MDT could be performed on partitions of the original set T including contiguous 395
points, yet it is worth noting that the disagreement between outputs obtained from global and local 396 applications cannot be excluded, since it was reported as a common feature in the framework of 397 geostatistical tests (Mitchell 2009) , despite it was not tested in this study. MDPTLT seems to be endowed with the best performances in terms of power, also when m and 420
are relatively small, while MDPT2T and MDPTRT appear to be more reliable when the ratio 421 m/n tends towards the 50%. The estimates of type I error do not seem to be a criterion allowing to 422 prefer one test to another according to the sampling size, as suggested by the almost complete lack 423 of correlation with the above mentioned parameters. Despite the MC simulations were performed 424 only for MDPT, they might be considered extendable to the corresponding MDRT, provided that B 425 is large enough to achieve reliable estimates of pe. In fact, as stated before, the randomization tests 426 are unbiased approximations of their related permutation tests, whose accuracy can be improved up 427 to the desired level (Ernst 2004) . isolates (up to 40 per sampling point). The molecular analyses performed on these isolates were the 444 last step to carry out the repartition of the DR between the two pathogenic species. This approach 445 provided a quantitative information, which was essential to compare spores deposition between the 446 two species as well as to carry out the autocorrelation analyses. However, the MDT could optimize 447 the experimental design in similar trials. In fact, the assessment of the condition DR>0 could allow 448 a less refined sampling procedure. For instance, molecular analyses could be dramatically reduced 449 by pooling the samples of fungal mycelium of all isolates from each sampling point before DNA 450 extraction. Also the number of isolates could be probably reduced without a substantial loss of 451 information. Besides, the MDT could be performed on wide study areas, providing preliminary 452 results to be further investigated turning to the quantitative level, but only in representative 453
subareas. 454
The application of the MDT to the case study of the nut rot caused by G. castanea showed a 455 possible way through which the designed geostatistical tests can be performed to gather information 456 about a plant disease. Regardless of the area where the tests were performed, all MDT agreed in the 457 identification of a random spatial pattern of the chestnut trees displaying the presence of G. 458 castanea in at least one nut within the sampled trees. Since in half of the areas chestnuts were 459 clustered, while in the other half they were not, it could be argued that the plantation density is not a 460 variable influencing the spatial distribution of the pathogen. This conclusion seems to be confirmed by the absence of significant differences among the incidences of the pathogen among the areas. This study was partially supported by grants of Regione Piemonte through the activity of the 485 Chestnut Growing Centre and of the University of Torino (60%). 486 
LITERATURE CITED 488

